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Abstract. There are surveillance scenarios where it is important to emit
an alarm when a person carrying an object is detected. In order to detect
when a person is carrying an object, we build models of naturally-walking
and object-carrying persons using topological features. First, a stack of
human silhouettes, extracted by background subtraction and threshold-
ing, are glued through their gravity centers, forming a 3D digital image I .
Second, diﬀerent filters (i.e. orderings of the cells) are applied on ∂K(I)
(cubical complex obtained from I) which capture relations among the
parts of the human body when walking. Finally, a topological signature
is extracted from the persistence diagrams according to each ﬁlter. We
build some clusters of persons walking naturally, without carrying object
and some clusters of persons carrying bags. We obtain vector prototypes
for each cluster. Simple distances to the means are calculated for de-
tecting the presence of carrying object. The measure cosine is used to
give a similarity value between topological signatures. The accuracies
obtained are 95.7% and 95.9% for naturally-walking and object-carrying
respectively.
Keywords: gait-based recognition, topology, persistent homology, car-
rying object detection.
1 Introduction
The functionality of detecting a person carrying an object, combined with the
capabilities of tracking and person re-identiﬁcation, can be used to discover the
owner of an abandoned luggage or to detect the interchange of objects between
two persons. This problem is very diﬃcult to be tackled due to the great variety
of bags, suitcases, backpacks, handbags, and so on. There are variations in size,
shape, weight and diﬀerent ways in which they can be carried. There are two
approaches reported in the literature to face the carried object detection. One
aims to localize the object and its possible classiﬁcation, the other one aims to
determine whether a person is carrying an object. Both may be combined in
order to increase the eﬃcacy and provide more information to the operator.
E. Bayro-Corrochano and E. Hancock (Eds.): CIARP 2014, LNCS 8827, pp. 836–843, 2014.
c© Springer International Publishing Switzerland 2014
Gait-Based Carried Object Detection Using Persistent Homology 837
The ﬁrst intent to tackle this problem took into account the symmetry of
the human body that is modiﬁed when a protuberance appears in the human
silhouette due to a carried object [1]. Other cue used by authors is the periodicity
in the moving of diﬀerent body parts and their relationship through the time
[2–4]. Approaches based on gait are an alternative to the localization approach
when there are self-occlusions that prevent the object visualization or when
the diﬀerence between the object’s color and the clothes’ color is very small to
obtain correct segmentation [5]. Some papers describe a methodology based on
segmenting the human image using diﬀerent cues and classifying the candidate
regions in order to detect the presence of a carried object [6]. Neural Network and
Support Vector Machine are the classiﬁers reported for carried object detection.
Homology is a topological invariant frequently used in practice [7, 8]. The
ranks of the homology groups, also called Betti numbers, coincide, respectively,
with the number of connected components, tunnels and cavities of the object. In
particular, the homology could be a robust representation because the shape of
connected components and holes may change under geometric transformations,
but the number of components and holes will be more stable.
In this paper, we follow the gait based approach without localizing the carried
object. We build models of naturally-walking and object-carrying using persis-
tent homology groups. These features have been previously used for gait iden-
tiﬁcation and gender classiﬁcation [9, 10]. Our methodology is evaluated using
the CASIA-B gait database 1, which consists of 738 video sequences of persons
walking naturally, without carrying object and 246 video sequences of persons
walking with diﬀerent kinds of bags. Given that there are no precedents in the
usage of that database for the task of carried object detection and the absence
of an established experimental protocol, we don’t show comparisons with other
works.
The rest of the paper is organized as follows. Section 2 is devoted to recall
topological signature for gait description. Section 3 shows the method proposed.
Experimental results are reported in Section 4. We conclude this paper and
discuss some future work in Section 5.
2 Recall of Topological Signature for Gait Description
In this section, we explain how to obtain the topological signature of a person
walking. According to a view angle deﬁned on a cubical complex ∂K(I), an
ordering (ﬁlter) of the cells is obtained. Persistent homology obtained from each
ﬁlter is represented in persistence diagrams format [11]. Finally, a topological
signature is extracted from those diagrams.
2.1 The Cubical Complex ∂K(I)
In order to increase the eﬃciency of our algorithms, in this paper we introduce
the usage of cubical complexes. This new approach allows to decrease the number
1 http://www.cbsr.ia.ac.cn/english/GaitDatabases.asp1
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of maximal cells to the half respect to the usually applied simplicial complexes
[9, 10], achieving a much better eﬃciency without sacriﬁcing the eﬃcacy.
To start, the foreground (person) is segmented from the background by apply-
ing background modeling and thresholding. The sequence of resulting silhouettes
is analyzed to extract one subsequence of representation, which include at least
a gait cycle [12].
The 3D binary digital picture I = (Z3, B) (where B ⊂ Z3 is the foreground),
is built by stacking silhouettes of a subsequence of representation, aligned by
their gravity centers (gc)[9, 10]. See Fig. 1.a. The 3D cubical complex Q(I) asso-
ciated to I contains the unit cubes with vertices V = {(i, j, k), (i+1, j, k), (i, j+
1, k), (i, j, k+1), (i+1, j+1, k), (i+1, j, k+1), (i, j+1, k+1), (i+1, j+1, k+1)}
and all its faces (vertices, edges and squares) iﬀ V ⊆ B.






























Fig. 1. (a) Silhouettes aligned by their gc forming I = (Z3, B). (c) The border cubical
complex ∂K(I).
The squares of Q(I) that are faces of exactly one cube in Q(I) and their faces
(vertices and edges) make up the border cubical complex ∂K(I) (see Fig. 1.c). Fi-
nally, coordinates of the vertices of ∂K(I) are normalized to coordinates (x, y, t),
where 0 ≤ x, y ≤ 1 and t is the number of silhouette of the subsequence of rep-
resentation.
2.2 Filters for ∂K(I)
In this subsection we present how to deﬁne the ﬁlters on ∂K(I). These ﬁlters
capture relations among the parts of the human body when walking.
When a view direction d is chosen, two ﬁlters for ∂K(I) are obtained as fol-
lows. All the cells belonging to ∂K(I) are associated with two filtering functions
f+ and f−. For each vertex v ∈ ∂K(I), f+(v) is the distance between v and
the plane normal to d passing through the origin of the reference frame, while
f−(v) = −f+(v). Edges and squares are associated to the largest value that f+
(resp. f−) assumes on their vertices. Being the cells of ∂K(I) ﬁnite in num-
ber, we can determine a minimum value for f+, say fmin, and a maximum one,
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fmax. It is now possible to induce two ﬁlters on ∂K(I) by ordering its cells ac-
cording to increasing values of f+ and f−, respectively. Denote these ﬁlters by
K[fmin,fmax] = {σ1, . . . , σk} and K[−fmax,−fmin] = {σ′1, . . . , σ′k}.
2.3 Persistence Diagrams and Topological Signatures
Given a cubical complex K and a ﬁlter (f(σ)) {σ1, . . . , σk} for K, if σi completes
a p−cycle (p is the dimension of σi) when σi is added to Ki−1 = {σ1, . . . , σi−1},
then a p−homology class γ is born at time i; otherwise, a (p−1)−homology class
dies at time i. The diﬀerence between the birth and death time of a homology
class is called its persistence, which quantiﬁes the signiﬁcance of a topological
attribute. If γ never dies, we set its persistence to inﬁnity. Drawing a point
(i, j) for an homology class that is born at time i and dies at time j, we get
the p−persistence diagram of the ﬁltration, denoted as Dgm(f). It represents
a p−homology class by a point whose vertical distance to the diagonal is the
persistence. Since always i < j, all points lie above the diagonal (see [11]).
In this paper, persistence diagrams are ﬁrst computed for K[fmin,fmax] and
K[−fmax,−fmin]. Then, the diagrams are explored according to a uniform sam-
pling. More precisely, given a positive integer n, compute the integer h =  kn
representing the width of the “window” we use to analyze the persistence dia-
gram. Indeed, for i = 0, . . . , (n − 1), the p−persistence diagram of K[fmin,fmax]
(resp. K[−fmax,−fmin]) show:
(a) Number of homology classes that are born after i · h and before (i + 1) · h.
(b) Number of homology classes that are born before i · h and die after i · h.
A vector of 2n entries is then formed containing (a) in entry 2i and (b) in
2i+1; this way we obtain for a given dimension p, a vector for K[fmin,fmax] (resp.
K[−fmax,−fmin]).
The topological signature for a gait subsequence considering a fixed direction
of view consists in four 2n-dimensional vectors: V = {V1, . . . , V4} constructed as
explained above. Consider that we take into account two dimensions (p = 0 and
p = 1) and two ﬁlters (K[fmin,fmax] and K[−fmax,−fmin]).
∂K(I)
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Fig. 2. An example of computation of the ﬁrst element of a topological signature
For example, consider KA given in Fig. 2 which consists in k = 136475 cells.
We perform n = 5 uniform cuts on the 0−persistence diagram, then h = 27295.
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According to i = 3, the number of the life-lengths for the 0−homology classes
that are born after (i − 1) · h = 54590 and before i · h = 81885 is (a) = 10, and
those that are born before (i− 1) · h and die after (i − 1) · h is (b) = 8.
2.4 Comparing Topological Signatures
The topological signatures for two gait subsequences associated with a ﬁxed
view direction, say V = {V1, . . . , V4} and W = {W1, . . . ,W4}, can be compared
according to the following procedure: for every i = {1, . . . , 4} compute:
Si =
Vi ·Wi
‖Vi‖ · ‖Wi‖ . (1)
Which is the cosine of the angle between the vectors Vi and Wi. Observe that
0 ≤ Si ≤ 1 since the entries of both vectors are always non-negative. Then, the
total similarity value for two gait subsequences, O1 and O2, considering a ﬁxed
view direction, is the sum of the 4 similarity measures computed before:
S(O1, O2) = S1 + S2 + S3 + S4. (2)
3 Carried Object Detection Using Topological Signature
We cluster the persons according to the topological signature explained above.
Each cluster will be associated to a common gait pattern shared by a set of
persons. There is a wide range of objects that can be carried by a person and
diﬀerent ways in which they can be carried. This modiﬁes the dynamic and shape
patterns in the way of walk. Even for natural walking without carrying object
there is intra-class variation. The set of samples should be subdivided in order
to capture the multimodality of the probabilistic distribution, for both classes of
naturally-walking and carrying-object. We propose to use k −means to obtain
a structural partition on a set of topological signatures. The cosine measure is
used as distance in the clustering algorithm. The number of clusters depends
on the scenario and the kind of objects expected. We obtain a prototype vector
for each cluster (the mean). The classiﬁcation step uses simple distances to the
means for detecting the presence of carried object.
3.1 Filtration
We use 4 directions of view to ﬁlter the cubical complex: The ﬁrst one is hori-
zontal(axis X), the second one is vertical(axis Y ), the third one forms 45 degrees
with the X and Y and is orthogonal to the axis T . The fourth direction of view
is orthogonal to the axis T and to the third direction of view. See Fig. 3. In our
experiment, the number of cuts in each direction of view is n = 23.
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Fig. 3. Directions of view for ﬁltering the cubical complex
3.2 Clustering
According to the surveillance scenario (airports, train-station, metro, etc.) we
can estimate the kind of objects carried by people. For instance, in airports
is common to see suitcases. We visually examined the CASIA-B database to
determine the kinds of carried object. See Figure 4.
Also, it is important to take into account the diﬀerent ways in which the
objects are carried. We assume 15 clusters to obtain a multimodal representation
for carrying-walk model. On the other hand, it is diﬃcult to estimate a number
of clustering in the set of topological signatures from natural walk. Therefore,
we use 15 clusters too. There are diﬀerent ways to select the prototypes for each
model, in this case we selected the mean vectors.
Fig. 4. Some kinds of carried object in CASIA-B database
4 Experimental Results
Currently, researchers are not following any established experimental protocol to
compare the results. In this paper we aim to introduce the CASIA-B database
for this kind of evaluation. This database contains 124 subjects, 93 men and 31
women. In our experiments the person 005 (a man) was removed due to a bad
segmentation . There are 6 video sequences for each naturally-walking person and
2 video sequences for each carrying-walking person. Furthermore, each sequence
is captured from 11 view angles. In this paper we use the lateral view. We analyze
984 video sequences (738 naturally-walking and 246 carrying-walking).
4.1 Experiment 1
In this experiment the CASIA-B database is divided in training and testing
sets. To train we selected 50 persons and to test 73 persons. We used 300 video
sequences of natural walk (50 * 6 = 300) in the clustering process, obtaining
a model with 15 means. On the other hand, we used 100 video sequences of
carrying walk (50 * 2 = 100), obtaining another model with 15 means.
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Table 1. Confusion matrix : 592 video sequences in the test set from CASIA-B
Test Sequences Naturally-Walking Carrying-Walking Avg
Naturally-Walking 438 419 19 95.7
Carrying-Walking 146 6 140 95.9
Global accuracy 584 95.7
055 064 074 114055
sample 1 sample 2
104
Fig. 5. Persons bad identiﬁed carrying baggage
Table 2. Confusion matrix : 984 video sequences from the CASIA-B database. Leave
one out mode
Test Sequences Naturally-Walking Carrying-Walking Avg
Naturally-Walking 738 712 26 96.5
Carrying-Walking 246 18 228 92.7
Global accuracy 984 95.5
For testing, we used 438 video sequences of natural walk (73 * 6 = 438) and
146 video sequences of carrying walk (73 * 2 = 146). The topological feature
for each test video sequence was evaluated against 30 mean vectors. The results
obtained are showed in Table 1. In this experiment the false alarm rate was
4.28%.
The six false negatives (persons 055 sample 1 and 2, 064, 074, 104 and 114)
for the class carrying-walking are showed in Figure 5. Persons 055 and 064 carry
backpacks that almost don’t create protuberance that changes the shape pattern
and they don’t aﬀect the arms moving. In the case of persons 074, 104 and 114
the handbags weights don’t aﬀect their normal-walking pattern and the bags are
almost occluded by the body.
4.2 Experiment 2
In this experiment we used the topological features of the 123 persons in the
CASIA-B database in a cross validation mode (leave one out). In the same way
that in the previous experiment, we used 15 means for naturally-walking and
15 means for carrying-walking. Only one of these 123 sets was used to test.
The remaining 122 sets were used for training. The average results for the 123
iteration is showed in Table2. In this experiment the false alarm rate is 4.5%.
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5 Conclusion and Future Work
In this paper, a representation based on topological features, previously used for
gait based human identiﬁcation at a distance, is used for carried object detection
task, with encouraging results of 95.9% in the ﬁrst experiment and 92.7% in the
second one. Our future work consists in trying to improve our results for cross
view angles problems. On the other hand, the combination between this non-
localization approach and the possibility of localizing the carried object is an
interesting research line.
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